Abstract-Incipient fault detection of the induction machines (IM) prevents the unscheduled downtime and hence reduces maintenance costs. Condition monitoring, signal processing and data analysis are the key parts of the IM fault detection scheme. The Motor Current Signature Analysis (MCSA) is considered as an effective condition monitoring method in any IM. However, a signal processing technique, which enhances the fault signature and suppress the dominant system dynamics and noise, must be considered. Windowed Fourier transform analysis and wavelet are of the most considered signal processing methods. However, some parameters influence their ability and accuracy. This paper intends to investigate the effectiveness of these methods for incipient fault detection. Accordingly, current signal was measured and analyzed for broken rotor bar diagnosis in a squirrel-cage induction machine. Results indicated that though windowing improves Fourier transform analysis, it is not capable of accurate incipient fault detection. In other words, wavelet analysis is superior for this purpose.
INTRODUCTION
Squirrel cage induction machines have large ranges of the types and applications. Although the squirrel-cage rotor is rugged, broken rotor bar does occur due to various stresses that machine is subjected to. Broken rotor bar is of importance as it brings about secondary faults that cause the machine fails to work. Once a bar breaks, the condition of the neighboring bars also deteriorates progressively due to the increased stresses. To prevent such a cumulative destructive process, the problem should be detected early, that is, when the bars are beginning to crack. The rotor failures do not initially cause the induction machines to fail, but they bring about secondary effects that lead to a serious malfunction of the motors. The severity of the failures will also inevitably increase; reaching unacceptable operating conditions [1] [2] [3] [4] [5] .
The machine problem and irregularity can be detected at an early stage using a suitable condition monitoring accompanied with a powerful spectrum analysis. Hitherto, a number of IM condition monitoring techniques, which monitor a certain parameter of the IM allowing its health to be determined, have been developed [6] . There is a consensus in scientific literature that motor current signature analysis (MCSA) is the most constructive technique for broken rotor bar detection [6, 7] . However, without an effective signal processing method, the fault detection fails. Signal processing techniques are applied to the measured signals to generate parameters that are sensitive to the presence or absence of specific faults. Fundamentally, the main features of an effective diagnostic procedure for rotor faults are based on two principles: spectrum processing to identify the fault signature with suitable sensitivity, and determining the correlation between the fault signature and fault severity.
Signal processing provides underlying information on specific problems for the purpose of decision making. It can be carried out either in time domain, frequency domain or time-frequency domain. Time domain graphs show how a signal changes over time, and analysis of the mathematical functions or physical signals is performed with respect to the time. In this case, the signal or function's value is known for all real numbers, for the case of continuous time, or at various separate instants in the case of discrete time. However, this technique requires a very long data sequence and therefore the computational cost is high.
Frequency analysis, which is based on Fourier theory, shows how much of the signal lie within each given frequency band over a range. When carrying out signal analysis in frequency domain, some features can be utilized such as Fourier coefficients, signal energy in frequency band, frequency bands to interpret the signals. Frequency analysis of a signal highlights many important hidden features and extracts some useful information. Analyzing the signal in frequency domain often gives valuable information of the process operation. For example, the current spectrum for a motor with broken bar shows the characteristic frequencies equal to (1±2s)f s sidebands around the fundamental frequency. However, the accuracy of information extraction depends upon the nature of the signal and the method of analysis [8] .
When the time of data acquisition and the number of samples are high, the frequency analysis spectrum is subject to averaging phenomenon. Therefore the magnitude-to-frequency resolution around the fundamental is largely affected for the current spectrum around 50Hz where the side-band harmonics cannot be observed. To compensate this phenomenon, a window, a time-domain weighting function, is commonly adapted to reduce this drawback [9, 10] . Window forces the amplitude of the sampled signal to zero at both ends of the time record. Selection of a proper window can prevent spectral leakage, a smearing of energy across the frequency spectrum-caused by the transformation of signals that are not periodic within the time record [10] . By windowing technique, it is possible to detect the sideband harmonics and to evaluate their magnitudes and their frequencies much more accurately. The choice of the window has a very important role at the time of the frequency analysis. The window must have a signal containing the more information in order to make it capable of defects diagnosis.
Recently, time-frequency analysis of signal, like Wavelet transform, have been proposed and developed. Wavelet analysis provides simultaneous time and frequency analysis. There are two kinds of wavelet transform, namely, continuous wavelet transform (CWT) and discrete wavelet transform (DWT). CWT is defined as the sum over all time of the signal multiplied by scaled, shifted versions of the wavelet function. CWT takes a long time due to calculating the wavelet coefficient at all scales and it produces a lot of data. To overcome such a disadvantage, discrete wavelet transform (DWT) has been defined to analyze the signals with a smaller set of scales and specific number of translations at each scale [11] . DWT utilizes a discrete range (in power of 2) of scales and shifts. In practical applications DWT is more beneficial because of the shorter computational time, which is of the order of 2 nm (where n=number of scales and m=number of shifts) [12] . Fig.1 illustrates the implementation procedure of a DWT, in which S is the original signal, LPF and HPF are the low-pass and highpass filters respectively. Windowed Fourier analysis and wavelet analysis though are developed and improved techniques for fault detection, they strongly depend on other parameters that should be taken into account. Accordingly, frequency analysis of motor current using different kinds of window and wavelet analysis were investigated and also compared for broken rotor bar detection.
II. EXPERIMENTAL
Experimental data including current, voltage, torque and speed was acquired from the healthy motor and faulty motor in identical condition with different loads. The motor was coupled to AC generator which acts as a load. All experiments were performed under about 60% of full load corresponds to 4Nm. Fig.2 shows the experimental setup used in this study. The main characteristics of the tested motors were star connection, rated voltage: 415 V, rated power: 750W, 6 poles, primary rated current: 2.2 A, rated speed: 1000 rpm, rated torque: 7.83 Nm. were obtained using a high-speed data acquisition system, namely NI-PCI 6052E and SCXI 1125&1140 (National Instrument). The motor current data was sampled at 20kHz, i.e., 32768 samples was obtained at measured time of 1.63s. For Fourier analysis, 32768 sample was used. For wavelet analysis, 2048 sample was used. Data analysis was performed using MATLAB software.
III. RESULTS AND DISCUSSION
This study investigated the accuracy of two common signal processing namely, windowed Fourier analysis and wavelet for broken rotor bar diagnosis in induction machine. Current signal from healthy motor and also motors with different number of broken bars were first sensed and then analyzed. The primary current was measured during the steady-state working of a motor. Fluctuations in current waveforms were then analyzed by Fourier and DWT using the MATLAB Toolbox. It was then tried to find diagnostic information in the spectrum of the signal. Fig.3 illustrates the frequency domain of current for healthy and faulty induction machine at 4Nm. In this case, no windows were applied. It is clear that early fault detection is not possible using Fourier analysis of current spectrum. In further study, Fourier analysis using different type of windows, namely, Blackman, Bohman, Flattop, Gauss, Hamming, Hanning and Kaiser were performed. Fig.4 illustrates the frequency domain of current for IM with 1 broken rotor bar using different windows. Amplitudes of the lower and upper side bands frequency components ((1±2s)f s ) were computed and presented in Table 1 and 2, respectively. In these tables, the bold numbers are the amplitudes that fluctuation appears in the current spectrum after windowed Fourier transforming. Data shows that harmonics are appeared even for healthy motor when Blackman, Bohman and Hanning windows were used. Therefore, these three windows fail in effective diagnosis of broken rotor bar in induction machine. The other limitation for using windowed Fourier analysis is, there is no fault related harmonics in some faulty conditions. Moreover, there is not a linear trend in fault diagnosis procedure. The cells correspond to the break in linear trend are highlighted. Correspondingly, windowing though improved Fourier analysis, it is not effective for broken rotor bar detection.
In further study the current signal was analyzed by more advanced signal-processing technique, wavelet. Multi resolution analysis was used for decomposing the signal to extract suitable features related to fault. When a signal is decomposed, a number of detailed coefficients are generated at each detail. 10 sets of data (10 signals) were acquired for each circumstance. Therefore, 10 sets of coefficients at detail 8 th were generated after decomposition of the signals. The average of the coefficients for each condition was computed; hence 6 sets of coefficients were acquired for each wavelet function. These sets can be used for extraction of features related to the fault for all circumstances.
The features related to broken rotor bar were extracted from 8 th level of wavelet decomposition of the original signal. The features are maximum coefficient value of decomposition; it is referred to peak value, and its gradients (Bae et al., 2005; Lee et al. 2010). These features were determined for wavelet decomposition of current signal using Coiflet 2 and Coiflet 5. The number of wavelet coefficients depends on the type of wavelet used. For example, when wavelet decomposition were implemented using Coiflet 2, a set of 20 coefficients were generated for each case. Figure 5 illustrates the results of wavelet analysis of current signal for healthy motor and motor with one broken bar at different levels of load using Coiflet2. This figure reveals that the 13 th coefficient for each case has the maximum value. Therefore, the 13 th coefficient of each case and its gradients were selected as features for incipient broken rotor bar detection. Two gradients were computed, left and right gradient. The left gradient is the slope of the line drawn between 12 th and 13 th coefficient, peak value. The right gradient is the slope of the line between peak value and the 14 th coefficient. In a similar way, the feature were determined if Cioflet5 was used in wavelet decomposition of current signal. When Coiflet5 was used, a set of 38 coefficients were generated that the 17 th coefficient had the maximum value. Figure 6 illustrates the zoom-in demonstration around 13 th coefficient when Coiflet2 was used as wavelet funcion. As it can be seen clearly in Figure 6 , features related to healthy motor and motor with one broken bar are distinguishable.
The peak values and related gradients were determined from wavelet decomposition of healthy and faulty motors using at different levels of load. This information is summarized in Table III . These three parameters were used simultaneously for comparison between healthy and faulty condition of the induction motor.
It was firmly proven that if any fault exists in the motor, the characteristic features have higher values compared to healthy condition (Bae et al., 2005; Lee et al. 2010) . However, Table III shows some inconsistencies when Coiflet5 was used as wavelet function. Therefore, this wavelet function cannot provide reliable information for incipient broken rotor bar detection.
As a result, it can be concluded that wavelet analysis can provide reliable information for incipient broken rotor bar detection if a suitable wavelet function is used. Using wavelet decomposition, one broken rotor bar at low levels of load was even detectable. Furthermore, the smaller number of samples was used in wavelet analysis compared to Fourier analysis. Therefore, the stationary assumption of current signal is much more accurate, as there is lower possibility of transient phenomena occurrence such as oscillation in load or power supply. Consequently, it is fair to note that wavelet analysis of current signal using Coiflet 2 has the ability of incipient fault detection using motor current monitoring during its normal operation. IV. CONCLUSIONS
In this study, two common signal processing namely, Fourier analysis and wavelet analysis were studied. Frequency analysis even when windowing of the signal was used did not provide predictive fault detection. Wavelet analysis depends on what type of wavelet function used can provide a good distinguishing feature for healthy and faulty motor. The features selected for fault detection showed a significant difference between healthy and faulty motor in the same load. Detecting of one broken rotor bar at low level of load was another significant achievement using wavelet Coiflet2 analysis of current signal. Moreover, small number of sample was used for wavelet analysis compared to Fourier analysis. Therefore, the stationary assumption of current signal during its normal operation is more accurate.
